Abstract-Inertial body sensors have emerged in recent years as an effective tool for evaluating mobility impairment resulting from various diseases, disorders, and injuries. For example, body sensors have been used in 6-min walk (6 MW) tests for multiple sclerosis (MS) patients to identify gait features useful in the study, diagnosis, and tracking of the disease. However, most studies to date have focused on features localized to the lower or upper extremities and do not provide a holistic assessment of mobility. This paper presents a causality analysis method focused on the coordination between extremities to identify subtle whole-body mobility impairment that may aid disease diagnosis. This method was developed for and utilized in an MS pilot study with 41 subjects (28 persons with MS (PwMS) and 13 healthy controls) performing 6 MW tests. Compared with existing methods, the causality analysis provided better discrimination between healthy controls and PwMS and a deeper understanding of MS disease impact on mobility.
I. INTRODUCTION

M
OBILITY impairment is a common marker for diagnosing, tracking the severity of, and evaluating therapeutic efficacy against various diseases, disorders, and injuries. Multiple sclerosis (MS) is one example of these diseases, a chronic autoimmune disorder of the central nervous system that results in neurologic impairment and functional disability over time, leading to decreased mobility, independence, and quality of life. Along with the clinical applications of mobility assessment techniques, performance in the 6-min walk (6 MW) is gaining popularity as an outcome measure in evaluating MS disease state [1] because it is convenient for data collection in clinics and has the advantage of potentially being able to demonstrate motor fatigue.
The recent emergence of inertial body sensors providing more precise and objective measures of motion has created an additional tool for mobility assessment of PwMS. There are many measures from inertial body sensors that have been used in research and clinical practice, using motion cycle detection [2] , pattern recognition [3] , etc. Often spatial-temporal features based on phases or event decomposition are extracted. Even though these measures having been proven to be of clinical relevance [4] - [6] , the impact of MS disease on mobility performance during 6 MW is not comprehensively understood, especially the upper limb dysfunctions that are nearly 75% of PwMS experience [7] . Since the impact from MS disease could be reflected by the variability of movement throughout the body, including upper and lower extremities, comprehensive mobility assessment of the whole body is needed. Inspired by the human visual perception process, recent research in action recognition yielded a causality-based method to estimate the associations among body parts and then to use the extracted information to represent whole-body mobility [8] . Human vision is able to convey a vivid compelling impression of human motion through the illumination of only the joints of a walking person, because human motion consists of not only the spatial-temporal evolution of body parts, but also the associations among body parts. These associations give a richer representation and quantification of body motions [9] .
Particularly for mobility assessment of PwMS in 6 MW, the associations among upper and lower extremities can be considered as a representation of whole-body mobility. Previously we presented a causality-based method [10] for calculating the associations among extremities and reported strong evidence supporting the hypothesis that the overall strength of those associations is stronger in healthy controls than in PwMS. In this paper, we present the framework of causality analysis using inertial body sensor data, further evaluate the comparison with previous methods, and analyze the impact of MS to extremities.
II. RELATED WORK
Since mobility assessment for MS diagnosis enhancement is a quantification task of motion quality [11] rather than a recognition task of motion types [12] , here we investigate the previous work in two categories: mobility assessment techniques for MS study and other related research in causality analysis.
A. Mobility Assessment
Previous research in MS has been conducted to assess the mobility impairment of lower and upper extremities. Particularly, motor assessment of extremity functions of PwMS using inertial body sensors is gaining popularity in recent studies. Traditional clinical assessment instrumented with inertial body sensors demonstrate better performance in discriminating between healthy controls and PwMS regarding lower and upper extremity functions. Recently, Carpinella et al. [7] adopted inertial body sensors in a traditional mobility assessment of upper extremity functions, named Action Research Arm Test (ARAT), to reveal subtle arm alterations not detectable from previous ARAT scores. Otherwise, numerous literatures [4] - [6] have been published to develop walking assessment using inertial body sensors with many types of protocols, such as 6 MW, timed 25 foot walk, etc.
Previous signal processing methods decompose the sensor data into cycles or patterns and then further segments the cycles or patterns into phases, such as swing phase and stance phase for lower extremities and reaching phase and returning phase for upper extremities. Based on the temporal segmentation of the sensor data, features, such as stride length, cadence or rhythm, individual time for each phase, joint angles, momentum existence of tremors, etc., are extracted from the sensor data [13] , [14] . Extracted features may be combined or transformed using a particular function and are then passed to statistical tools to generate clinical measures [15] . Fig. 1 illustrates a segmentation example of gait cycles into phases followed by the feature extraction process [16] .
Although these separate measures from inertial body sensors regarding lower and upper extremities have demonstrated better performance, the whole-body mobility, especially the strong associations between upper and lower extremities, which may be important factors underlying mobility impairment in PwMS, have not been revealed yet. Herman et al. [17] studied the muscle power relationship between upper and lower limb in mobilitylimited older adults and then concluded that the mechanisms underlying the associations between upper and lower extremities maybe important factors in elderly persons.
B. Causality-Based Motion Analysis
Inspired by the human visual perception process, recent studies for motion analysis based on motion capture system or cameras have been conducted to assess the associations among extremities using causality analysis. Narayan and Ramakrishnan [18] computed the feature interactions based on causality between pairs of trajectories of body parts from video for human action recognition. Jiang et al. [19] proposed an action classification method using 2-D histogram on trajectory features. Yi and Pavlovic [20] proposed a sparse causality graph to classify human actions using motion capture data.
Regarding causality analysis of inertial sensor data, D'Ausilio et al. [21] explored the interaction between music conductors and musicians using accelerometers equipped on the arms of subjects. Mohammad and Nishida [22] proposed a framework for mining causal relationships in time-series data with comparable experimental results using accelerometers and a motion capture system.
Although previous studies demonstrate the ability to process the causality relationship in accelerometer data, these methods only dealt with time-series data from one or two [21] inertial sensors or the signals were known to be originating from specific joints in case of action or interaction recognition [22] . Regarding mobility assessment of PwMS in 6 MW, a method is needed to process the high-dimensional time-series data and to evaluate all the associations among lower and upper extremities that can be considered as a representation of whole-body mobility.
III. METHODS
This section presents the experimental protocol, data collection, equipment adopted in this study, the data processing framework, and statistical analysis of mobility impact from MS.
A. Experimental Protocol
The University of Virginia Institutional Review Board approved the study and data collection. All subjects gave written informed consent prior to assessments.
Twenty-eight subjects with mild or moderate MS were recruited from an MS clinic along with 13 healthy control subjects recruited from family members, MS clinic staff, and graduate research assistants. The data collection was conducted when the PwMS visited the MS clinic.
Expanded Disability Status Scale (EDSS) was used to categorize the severity of disability as mild (EDSS 0-2.5), moderate (EDSS 3.0-4.0), and severe (EDSS 4.5-6.5). In this pilot study, we did not recruit any participants with severe walking disability (EDSS ≥ 4.5). Subjects wearing five inertial sensors on the left/right wrists, left/right ankles, and sacrum were asked to undergo an in-clinic 6 MW. Followed by a medical assistant with a measurement wheel, the distance walked was recorded in 1-min epochs. Subjects were asked to walk as far and as fast as possible (without running) up and down a 75-foot hallway. Fig. 2 (a) and (b) illustrates the locations of the inertial sensors on the body and the walk protocol, which can be divided into walking phase and turning phase, respectively.
Twelve item multiple sclerosis walking scale (MSWS-12): MSWS-12 scores were collected every time the participant visited the MS outpatient clinic. We did not collect MSWS-12 scores from healthy controls; because they do not have any walking impairment due to MS, their score is 12, the minimum score.
Distance walked during 6 MW: Gait speed and distance walked during the 6 MW were calculated based on the manual measures. However, based on the evaluation results of [23] , we selected distance walked as the only measure in next-step correlation analysis, because there is strong correlation (r = 0.91) between gait speed and distance walked.
Ratio between double stance time and single stance time (DST/SST): Measures from previous study on temporal decomposition of the inertial sensor signals included single stance time, swing time, and double stance time. Chen et al. [24] concluded that DST/SST index provided the best performance to discriminate groups of healthy controls and PwMS.
B. Equipment
The wearable motion analysis system consisted of five inertial body sensors, named technology-enabled medical precision observation version 3.2 with Bluetooth [25] , each housing a 3-D gyroscope and triaxial accelerometer sampling at 128 Hz, which is sufficient to capture the frequency band of the body motion in walking action. The gyroscopes measured rotational velocity in roll, pitch, and yaw planes with a ±2000 degree per second range. The triaxial accelerometers measured linear acceleration with a ±16 g range. The inertial sensor data was wirelessly transmitted to a laptop for postprocessing. The operator of the data collection system was required to make timestamp annotations in order to indicate the beginning and end of the data collection.
C. Data Collection and Calibration
One-hundred and thirty-two data sessions were collected over three years from 28 MS patients and 13 healthy controls. However, due to technical issues and human factors in the realworld deployment, 11 data sessions failed in the calibration process, six of which had too many dropped packets during wireless transmission to the laptop for data storage, three had timestamp errors due to the system operator error, and two had faulty parameters in the calibration records. Of the 121 valid data sessions, 36 were collected from the 13 healthy controls and 85 from the 28 MS subjects.
Causality inference from real-world imperfect time-series data is still a challenging task, especially regarding the stationary properties of the input signal. As discussed in [26] , accelerometer data are susceptible to random spikes and other artifacts, which may cause inaccurate causality inferences. In contrast, short-term calibrated gyroscope data have better stationary properties. Therefore, calibrated gyroscope data were used for the causality analysis, with each data session containing 15 dimensional gyroscope data-three planes from each of the five inertial body sensors.
All the data sessions are calibrated with the recorded calibration parameters that had been determined before the data collection [27] . There is no general normalization or signal filtering in the data preprocessing. Therefore, the frequency of the data is up to 64 Hz, which is half of the sampling rate (128 Hz) according to the Nyquist theory.
D. Proposed Signal Processing Framework
A MATLAB program (MATLAB R2014a, The Mathworks Inc., Natick, MA, USA) was developed as a signal processing framework. First, it performed a coarse-level segmentation to eliminate the needless actions, such as body rotation, in order to quantify the specified action (walking). Second, a pairwise causality matrix based on phase slope index (PSI) was built for each data segment from coarse-level segmentation. Third, a thresholding operation of the pairwise causality matrix was used to discriminate the significant and insignificant causality. Finally, statistical analysis of the causality index (CI) was conducted to analyze the mobility impact from MS. 1) Segmentation: When the subjects wearing inertial sensors on the lower limbs are asked to undergo an in-clinic 6 MW, they are required to walk back and forth in a 75-ft hallway. The actions merged in the data from inertial body sensors contained straight walking and turning. These two actions have different coordination strategies of extremities, which may affect the causality analysis.
Considering human factors during the real-world deployment, such as mounting errors (from sensor displacement orientation) [27] and looseness of sensors [28] , we adopted a robust segmentation method proposed in [26] . The method combined change point discovery and features based on a linear dynamical system to robustly segment time-series inertial data into different temporal scales. Fig. 2(c) shows an example of the angular velocity data of the inertial body sensors from one subject's 6 MW. For more information about the segmentation method, we refer the reader to [26] .
2) Phase Slope Index: Developing efficient and effective algorithms for causality inference in real-world imperfect data are still one of ten open problems in statistics [29] . Many unsolved issues make causality inference in time-series data challenging: mixture of independent noise, confounders, time lags, and nonlinear characteristics [30] - [32] . Previous research provided two solutions for time-series data, including granger causality (GC) and PSI. Nolte et al [31] compared these two methods and concluded that PSI performed better than GC in robustness to mixture of independent noise and nonlinear causality. We implemented both algorithms of GC and PSI for our inertial dataset, compared their performances, and then chose PSI as the tool to estimate causality in our framework.
The idea behind PSI is that signals are said to be "causal" based on an understanding of the physical interactions of the system. This was formalized by Nolte et al. [30] , and this association between a pair of signals is so-called "PSI." The central thought behind the PSI measure of causal influence is that the cause precedes the effect in time, and, thus, the slope of the phase of the cross spectrum between two signals reflects the direction of influence. [t] . The cross spectrum between them is defined as follows:
Given two time-varying signals x i [t] and x j
and the complex coherence is
The nonnormalized PSI metric is defined using complex coherence as follows [33] :
where F is the frequency band of interest and δf is the frequency resolution. It is straightforward to show thatΨ ij measures a weighted sum of the slopes of the phase between x[t] and x j [t] over the band F . This measure is normalized by its standard deviation to obtain a metric Ψ ij that can be used to determine whether causal influence from
The causal direction is estimated to go from
Although the PSI algorithm is robust to mixture of independent noise and nonlinear causality, there is still a drawback that the correlation between Ψ ij and the causality strength between signals is not known yet. Therefore, Nolte et al. [30] suggested that absolute values of Ψ ij can be used to estimate the significance of the causality, which means if the absolute values of Ψ ij is greater than 2, the causality association should be considered significant.
3) Pairwise Causality Matrix: After we chose PSI as the tool to estimate causality, pairwise causality matrix based on PSI was built for each data segment from coarse-level segmentation. Then, binary operation of the pairwise causality matrix using the threshold recommended by [30] was conducted to discriminate the significant and nonsignificant causality. The calculation of binary pairwise causality matrix was presented in detail as below.
Let x[t] ∈ R N * D denote time-series data session from inertial body sensors during 6 MW where D = 15 is the signal dimension of each inertial body sensor and N = 5 is the number of inertial body sensors, the clinics adopted to put on the subject's body. In other words, N is the number of the body parts, the interactions among which we are going to investigate. The reason that we consider all the dimensions in the signal from each inertial body sensor is the uncertain orientation of the inertial body sensor during the real-world deployment of 6 MW. It means we cannot eliminate any dimensional signal since the orientation of inertial body sensors is unknown. We, therefore, consider all the dimensional signals to discover the interactions between inertial body sensors.
After coarse-level segmentation, We judge the significance of the PSI according to the suggestion from Nolte et al. [30] and then count the number of significant PSIs in the pairwise causality matrix. Considering our hypothesis, the number of significant PSIs in the pairwise causality matrix is used to describe the strength of the interactions among body parts during the walking period of the k segment of time-series data x k [t]. The binary pairwise causality matrix using significant threshold is given as
where
The strength of the interactions among all the body parts in the kth segment of data as follows:
4) Causality Index: Based on the calculation of a pairwise causality matrix, we create CIs for each data session to represent the strength of the associations among body parts during the 6 MW. The overall CI is defined as
Besides the overall CI, other individual CIs are also defined to represent the strength of the specified association. For instance, the strength of association between sacrum and right wrist is calculated as [7, 9] ,j ∈ [13, 15] )
Fig . 3 illustrates the calculation process of causality descriptors for a time-series data session as an example. These CI features are used to discriminate the groups of healthy controls and PwMS and also to analyze the mobility impact of MS based on individual associations between extremities.
E. Statistical Analysis
The performance in separability of methods is examined using one-way within-subjects ANOVAs; disability measure (EDSS) was the within-subjects factor with three levels (healthy, mild MS, and moderate MS). We adopted the MES toolbox V1.4 [33] as our analysis method, which provides appropriate effect size value rather than p-value.
While the 121 data sessions used in the analysis include multiple sessions from the same individuals, each data session from the same individual was separated by at least six months, which is a long enough period to see significant changes in mobility for MS patients, either degradation due to disease progression or improvement due to a new therapy. As a result, each data session represents a new assessment and classification challenge. In addition, in order to avoid biasing the result statistics, we only used the 6 MW data from the first visit of each subject to eliminate the dependences among the multiple recordings per subject in the dataset.
IV. RESULTS
A. Subjects
Demographics are presented in Table I . The groups did not differ significantly in age, sex, or body mass index (BMI). Median EDSS was 2.0 (0-4.0). Since the goal of this study is to target early diagnosis of MS disease, the range of symptom duration, therefore, is around the early state of MS (6.7 ± 5.9 years). Table II presents the effect sizes of subject demographic characteristics to evaluate the potential impact of the demographic differences (e.g., age, gender, height, weight, and BMI) between groups. The effect sizes of "age" and "weight" are smaller than 0.2 ("small" effect size), which can be considered as trivial differences, while the effect sizes of "gender," "height," and "BMI" approach 0.5 ("medium" effect size), which might have a nontrivial effect on the experimental results. This is one of the limitations of this study, which is discussed in Section V.
B. Performance Comparison
The groups of healthy controls, persons with mild MS, and persons with moderate MS were distinguished using the measures extracted from 6 MW. Fig. 4 demonstrates the distributions of the four measures, and Table III illustrates the statistical characteristics of the measures. Table IV shows the performance comparison of four measures in separability between healthy gait and MS-affected gait using the first-visit data sessions for each subject. Table V . It means these associations in our pilot dataset were affected by MS disease more than other individual associations. control has more strong causality among sensor data than the MS subject.
C. Analysis of MS Impacts on Mobility
The overall CI represents the whole-body mobility, while the individual CIs represent the specified associations among extremities. After evaluation of the separability performance, the individual CIs were used to evaluate the impacts from MS on extremities. As the same concern as before to avoid biasing the results, we also only use the first-visit data session for each subject here. Fig. 6 and Table V show the experimental results. As we can see, the associations related to wrists have lower causality than those associations related to sacrum and ankles, and the associations between both hands have the lowest ability to distinguish healthy gait and MS-affected gait, which is consistent with the intuitive understanding that wrists have more variability in motion. Otherwise, the four best individual CIs that are better than others in separability performance include: Right Wrist-Sacrum, Right Ankle-Left Ankle, Right Wrist-Right Ankle, and Right Ankle-Left Wrist. This impact analysis reveals that the impact from MS disease on mobility exposure is greater in associations between ankles or ankles and wrists and lesser in interactions between both wrists.
V. DISCUSSION
This study sought to enhance the utility of inertial body sensors for assessing mobility impairment of early-stage PwMS and tracking the disease state which was measured using EDSS and MSWS-12 scales. Persons with early-stage MS were recruited in a MS clinic and recorded the clinical records and 6 MW using inertial body sensors when the PwMS visited the clinic. The correlations between measures from inertial body sensors and clinic records were conducted to understand the disease state and progression in MS duration.
A preliminary version of this study [10] has been reported elsewhere but is expanded here with detailed comparison with previous work and further analysis of mobility impairment induced by MS. More details on the data processing framework have been added. Furthermore, this is the first attempt to calculate the associations among extremities using inertial body sensors and to deeply analyze the mobility impairment of MS.
The features proposed in this study extract complementary information from the associations between upper and lower extremities. The performance improvements in distinguishing groups of healthy controls person with mild MS and person with moderate MS demonstrated evidence that the associations among extremities are important factors of mobility impairment of PwMS. The mechanism underlying the associations among extremities might drive deep understanding of the MS state and progression.
The intuitive meaning of the CIs provides a method for evaluating the impact from MS on individual extremities and then revealing the mechanism underlying the mobility impairment of PwMS. For instance, the associations between right ankle and other extremities were greatly affected by MS, compared to other associations. Otherwise, the analysis framework can be used to evaluate the information from inertial body sensors regarding mobility impairment, and then to recommend fewer sensors that provide enough information to assess mobility performance.
In addition, although the MSWS-12 and distance walked did not provide better ability in distinguishing the healthy gait and MS-affected gait, they are still popular and validated clinical measures. It reveals that the diagnostic process using the measures of gait assessment is a complex decision-making process because the impacts of MS disease is not only on mobility but also on other aspects of body parts, such as visual perception, physical response, etc. Therefore, combining features, including clinical measures and inertial measures, to enhance the understanding of MS, is a part of our future work.
Limitations of this study are the relatively small sample size, the fact that the control population was not well matched in demographics, the inaccuracy of causality inference, and other factors during the data collection and preprocessing. Causality inference in real-world imperfect data is still challenging problem, especially how to calculate the strength of causality between signals. This study adopted a crude method to identify the significant causality from the inertial sensor data and then to evaluate the associations among extremities by counting the numbers of significant causality among the signals. This crude method may lose much information regarding the associations, which need more investigation in future work.
Otherwise, data preprocessing eliminated the turning phases during 6 MW, which were seldom studied in previous MS research [4] but might be an important action to evaluate the abnormal movement regrading of mobility impairment. This is another drawback of this study, and will be investigated in future work. In addition, the causality analysis belongs to a statistical inference method, which means it requires enough data samples to better infer the causality strength. If the subject walked in a short distance which cannot provide enough sensor data samples, the causality strength may be inferred inaccurately. According to our studies on different datasets generated using different experimental protocol, a 75 ft hallway is a good length to capture enough sensor samples for causality inference; however, 25-ft length may not work well in current PSI-based methods. Thanks to recent advances of deep learning techniques for representation learning and reasoning [34] , currently, we are working on deep-learning-based algorithm to infer new types of representation of causality and then increase the robustness of the causality inferences from inertial sensor data.
VI. CONCLUSION
In summary, causality analysis of inertial body sensors provides another angle to view mobility assessment, enhances the performance of discriminating PwMS from healthy controls, and has the potential to track MS state and progression in early stage of the disease. The features, called CIs, extracted from the associations among extremities, were used to represent wholebody mobility and to study the mobility impairment of PwMS.
Future work focuses on personalized signal processing for high-precision diagnosis, intuitive meaning extraction for clinicians, and deep leaning in causal relationship between inertial sensor data and clinic records.
